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ABSTRACT

Theworldwasintroducedtothetermcoronavirusattheendof2019,followingwhicheveryonewas
thrownintostressandanxiety.Thepandemichasbeenacompletedisaster,wreakingdevastation
andresultinginasignificantlossofhumanlifethroughouttheworld.Thegovernmentsofvarious
countrieshaveissuedguidelinesandprotocolstobefollowedforstoppingthesurgeincases(i.e.,
wearingmasks).Amidstallthischaos,theonlyweaponistechnology.So,thedetectionoffacemasks
isimportant.Theauthorsutilizedadatasetthatincludedimagesofindividualsinsocietywearingand
notwearingmasks.Theygatheredtheinformationrequiredtotrainamodelbyusingdeepnetworks
likeEfficientNetB0,MobileNetV2,ResNet50,andInceptionV3.WithEfficientNet-B0,theyhave
beenabletoachieveanaccuracyof99.70%onatwo-classclassificationissue.Thesemethodsmake
facemaskdetectioneasierandhelpinknowledgediscovery.Thesetechnologicalbreakthroughsmay
aidininformationretrievalaswellashelpsocietyandguaranteethatsuchahealthcaredisasterdoes
notoccuragain.
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1. INTRoDUCTIoN

Covid-19presentsanunprecedentedandunparalleledchallengetothefoodsystems,publichealth,
anddisruptedworkbycreatingunemployment.Asthenumberofcaseshasincreased,thehealthcare
systemhasbeenoverwhelmedandhaslargelyfailed.WHOhasannouncedthisasapandemic(Denison,
2004).Oneofthepreventiontechniquesiswearingamask?Itisforyoursafetyaswellasforthose
aroundyou.ThevirusthatcausesCOVID-19canbecommunicatedbysneezing,coughing,oreven
speakingatcloserange,thereforewearingamaskisnecessary.However,ifpeoplearen’tfollowing
theprotocolandnotwearingmasksthenthatincreasestheriskofacommunityspreadingwhichcan
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becomedeathly.Manynationshavebegunthevaccineprocedure,butnoteverycountryintheglobe
hasaccesstoit.So,untilthevirusiseradicated,wearingmasksdailyisamust-dotoassistprevent
thespreadofinfection.

Thefigure1Pollshowsthatmorethan50%ofthepopulationarereluctanttowearmaskswhich
isaseriousconcernandposesahugethreat.Thus,itisverycrucialforpeopletowearmasksinpublic
andfortheconcernedauthoritiestoensurethatpeoplefollowtheguidelinesandtheprotocolsfortheir
safety.Figure2belowshowsthepersonwearingamask(A)andthepersonnotwearingaMask(B).

Theprimarycauseoftheinfectionbeingintensifiedwastheattentiontodetailonthepartofthe
population,aswellastheirlackofawareness.Theworldisfloodedwithordinaryindividuals,who
areeitherinofficesorotherresidenceswithoutwearinganyfacemasks.Itisalmostimpossibleto
covereverythingallthetimeandontopofthat,quitetime-consuming.Thisstudyismostlyaimed
atfindingasolutiontothisproblemandhelpingindividualstoprotectthemselves.Thisconceptis
especiallyrelevantinCOVID-19,asitisimperativethatwepreserveourselvesfromotherpeople.In
additiontoofferinganeffectivemeanstoreduceairbornevirusinfections,themaskswilleffectively
disrupttheseinfectionssothatairbornevirusescannotreachahumanbeing’srespiratorysystem,
makingitaninexpensivewaytominimizemortalityandrespiratoryinfectiondisorders.Wearinga
facemaskcanpreventaglobalpandemic.Toavoidthis,itisessentialtodevelopanautomaticdetection
forwearingafacemaskthatwillprotecteachplayerandpreventthepandemic.

Withtherecentadvancementindeeplearningthatincorporatescomputervision,weareseeinga
multitudeofbreakthroughsinvariousfieldsoftechnology.Deepneuralnetworks’innatecapacityto
extractinformationfrominputphotoshasrecentlyledtotheirastoundingsuccessinautomaticimage
analysis.Deeplearningmethodsaidinpictureclassification,quantification,andpatternrecognition
haveidentifiedandemphasizednumeroususesofdeepneuralnetworksinimageprocessing(Deng
etal.,2009;Howardetal.,2017).Convolutionalneuralnetworks(CNNs)arethemostresearched
andwidelyutilizedamongtheseveralformsofdeepneuralnetworksinimageprocessing(Duetal.,
2019;Brownetal.,2018;Shinetal.,2016).AlthoughCNN’shaveavastnumberofparameters,
largesizeannotateddatasetsarerequired.Large-scaledatasetsareoftendifficult togetby.Asa
result,researchersarecombiningCNNswithtransferlearningtoaddressthisproblem.Theimage
representationslearnedwithCNNsonlarge-scaledatasetsareefficientlyandsuccessfullytransferred
toother tasks that need small-scale datasets in transfer learning.Given the significant time and
computationalresourcesrequiredtodevelopneuralnetworkmodelsfromtherootoftheseproblems,
aswellasthesignificantimprovementsinaskillthattheyprovideonrelatedproblems,usingpre-
trainedmodelsasthestartingpointinnaturallanguageprocessingandcomputervisiontasksisan
acceptedandpopularapproachindeeplearning(Pan&Yang,2010).

Figure 1. A poll was conducted by Morning Consult for people who wear masks.
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Thelackofabigdatasetfortrainingwasaproblemfortheauthors,sotheydevisedaworkaround
byusingtransferlearningandmadeacustomdatasettoachievethistask.

Thekeycontributionofourproposedmethodologyisasfollows:

(i) Bylookingatthefacialfeatures,thesystemcandetectwhetherornotapersoniswearinga
mask.

(ii)On the dataset, multiple pre-trained models (EfficientNetB0, MobileNetV2, ResNet50, and
InceptionV3)aretrainedindividuallyandproduceresultsfornewimages.
(iii)Weanalyzedtheperformanceandaccuracyofthefourmodels,andEfficientNet-B0came

outontopwitha99.70percentaccuracy.

Theprimaryconcernofthisproposedpaperistocomparethevariouspre-traineddeepnetworks
likeEfficientNetB0,ResNet50,MobileNetV2,andInceptionV3andchoosethebestmodelforfuture
applications that extracts the best features and has the highest accuracy. EfficientNet, originally
publishedbyTanandLein2019,isoneofthemostefficientmodelsforinference,usingthefewest
FLOPSandachievingState-of-the-Artaccuracyonbothtypicalimageclassificationtransferlearning
tasksandImageNet.MobileNetsarelow-latency,low-powermodelsthatmaybeadjustedtofitthe
needsofdifferentusecases.Similartohowvariouspopularlarge-scalemodelsareused,theycanbe
builtuponforclassification,segmentation,detection,andembedding.ResNet,orResidualNetworks,
isatypeofneuralnetworkthatisusedtoassistavarietyofcomputervisionapplications.Wewere
abletoeffectivelytraincomplicatedandincrediblydeepneuralnetworkswith140+layersusingthe
ResNet,whichisamajoradvance.Oneofthenumerouspre-trainedimageclassifiersisInceptionV3.
TheImageNet2012datasetwasusedtotrainit.

Thepaperisarrangedasfollows:Section2discussesimportantideasrelatedtothedeployment
ofpreviouslyintroducedsystemsandtheuseofresidualneuralnetworksforpicturecategorization.
Section3describesthesuggestedapproachaswellasatimelineofthesystem’sdevelopment.In
Section4,thesystem’simplementationandoutcomesareexplainedanddiscussed.Finally,therest
ofthepartcontainsthepaperandconcludingremarks.

2. LITERATURE REVIEw

Manypublicserviceproviderswillneedclients towearmaskscorrectly in the future to receive
generalservices.Therefore,facemaskdetectionhasbecomeacrucialtasktohelptheglobalsociety.
The usage of face masks to postpone the transmission of covid-19 has acquired favour among
theworld’s population(Matuschek et al., 2020). Many scholars have suggested numerous expert
systemsforimageprocessinginthepast.FastR-CNNisatechniquethatexpandsonpriorworkto

Figure 2. (A) A person wearing a mask and (B) A person not wearing a mask
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categorizeobjectsuggestionsefficientlyusingdeepconvolutionalnetworks.FastR-CNNleverages
numerousadvancementsoverpriorworktoboosttrainingandtestingefficiencywhilesimultaneously
enhancingdetectionaccuracy(Girshick,2015).Astrategyforvideoframegeneratorsemployingan
Encoder-ConvLSTMcombination in thepaper(Mukherjeeet al.,2019).Anumberof remarkable
articles indeepnetworks, recognizingplant illnessesanddetectingfights inhockeyvideoswere
alsointroduced(Mukherjeeetal.,2017,Mukherjeeetal.,2017).AnAreaProposalNetwork(RPN)
thatsharesfull-imageconvolutionalfeatureswiththedetectionnetworkandallowsforpractically
cost-freeregionsuggestions.TheRPNistrainedfromstarttofinishtocreatehigh-qualityregion
suggestions,whichFastR-CNNusesfordetection(Renetal.,2017).

Adeepconvolutionalneuralnetworkarchitecturewassuggested.Itwasresponsibleforcreating
anewbenchmarkforclassificationanddetectionintheImageNetLarge-ScaleVisualRecognition
Challenge2014.Thearchitecture’skeydistinguishingfeatureisthebetterusageofcomputational
resourcesinsidethenetwork(Szegedyetal.,2015).Lateritwassuggestedapoorlysupervisedlearning
strategythatcanlearnadeepconvolutionalneuralnetwork(DCNN)thatmightbeusedinindustrial
applications(Sunetal.,2018).Peoplemustwearmasksasthenumberofinstancesofcovidincreases,
andtechnologistsmustretainandmaintainawatchonthisbigdata.AstudythatfocusesonBigData
ProcessingConceptsandTechniquessinceprocessingalargequantityofdatainasinglesystemis
extremelydifficult(Suvarnamukhi&Seshashayee,2018).

TrainingInceptionnetworkswithresidualconnectionssignificantlyspeedsupthetrainingprocess.
There’sadditionalevidencethatresidualInceptionnetworksoutperformsimilarlypricedInception
networkswithnoresidualconnectionsbyasmallmargin(Szegedyetal.,2016).Wechoosetotake
boththeResNet50andtheInceptionV3.

AllofthesedevelopmentsinConvolutionalNeuralNetworks,PatternRecognition,andImage
ProcessinghavetobeappliedtothecurrentCOVID-19situation.Amethodwassuggestedthattakes
theuseofRetinaFaceMask,ahigh-accuracy,andefficientfacemaskdetector(Jiangetal.,2020).They
alsolookedintodevelopingRetinaFaceMaskforembeddedormobiledevicesusingMobileNet,a
light-weightedneuralnetwork.Tosolvethechallengeofmaskedfacerecognition.Astudysuggesteda
ConvolutionalNeuralNetwork(CNN)thatwasevaluatedusingthreewell-knownimageidentification
techniques:PrincipalComponentAnalysis(PCA),LocalBinaryPatternsHistograms(LBPH),and
K–NearestNeighbour(KNN).Theyachievedthebestrecognitionaccuracyof98.3percentwiththe
suggestedCNN(Kamencayetal.,2017).Maskidentificationandlevyingpenaltiesonthosewhodo
notwearthemrequirehighaccuracy.Thesymptomsrelatedtothecoronavirusanditsdistinction
betweenfluandthisvirusarementioned.Masksshouldbeusedaspartofabroaderplantostopthe
spreadofdiseaseandsavelives.Someofthewell-publishedarticleshaveallthenecessaryinformation
andqueriesregardingmasksinthecontextofCOVID-19(Singhal,2020;Chengetal.,2020).

Inrecentyears,facemaskdetectionandidentificationhasbecomeoneofthemostimportant
studyfields.Themajorissuehereistocorrectlydetectthefaceintheimageandthendetermine
whetherornotitiscoveredbyamask.

3. PRoPoSED METHoDoLoGy

ThissectionhasbeendividedintofivemajorsubsectionsincludingthedescriptionofEfficientNetB0,
descriptionofResNet50,descriptionofInceptionV3,descriptionofMobileNetV2,andthedescription
ofthedatasetused.Figure3belowdepictstheflowmethodemployedinthearticle,andfurther,we
willexaminethestructureoftheseveralexpertsystemswhichwereusedforthesimulation.
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3.1 EfficientNetB0
EfficientNetwasfirstintroducedbyengineersfromtheGooglebrainteam(Tan&Le,2020).Their
mainideawastoscaleuptheDeepNeuralNetworksbutitalsointroducedanewcategoryknown
asEfficientNets.ThereareeightmodelsofEfficientNets(EfficientNet-B0-EfficientNet-B7),the
baselineversionisEfficientNet-B0,therestEfficientNet-B1-EfficientNet-B7arescaledversions.

Theconventionalmethodtoincreasetheaccuracyofamodelwastofirstcreateabasemodel
withafixedcostandthenscaleupthebasemodelwhenyouhavemoreresources.Someof the
methodsforscalingupareincreasingordecreasingthedepthorwidthofthemodel.Onecanalso
scaleuptheresolutionoftheimagetoincreasetheaccuracyasshowninfigure4.Insteadofscaling
thewidth,depth,orresolutionatrandom,afreshwayofevenlyscalingthedimensionswithasetof
scalingcoefficientswasintroduced.Withthisinnovativestrategy,anewfamilyofmodelsknownas
EfficientNetswasestablished,whichboostedaccuracyandwastentimesmoreefficientthanprior
modelswhilebeingsmallerandquicker.

Individually scaling model dimensions enhanced performance, however, it was shown that
balancingallnetworkdimensions(width,depth,andpictureresolution)againstavailableresources
enhancedmodelperformancethemost(Tan&Le,2020).

Figure 3. The Flow Diagram of the pre-trained deep network Used
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Thesuccessofmodelscalingisalsodeterminedbythebaselinenetwork.EfficientNetsbasic
architectureisEfficientNet-B0.ItwascreatedbyapplyingneuralarchitecturesearchtotheAutoML
MNAS framework, which enhanced both efficiency and accuracy. Mobile inverted bottleneck
convolutionisusedintheresultantdesign.TheArchitectureofEfficientNetB0isshowninfigure5.

3.2 ResNet50
ResNetwasintroducedin2016.OnthetasksofImageNetdetectionandImageNetlocalizationwhich
receivedfirstplace(Heetal.,2016).

ResNet50usesthemethodofResiduallearning.Manylayersofneuronsarelayeredandtrained
inDeepConvolutionalNeuralNetworksingeneral.Aftereachlayer,thenetworklearnsfeatures.
However,withresiduallearning,thelearningthattakesplaceontheleftoversisshownbelowIfigure
6.Thedifferenceinfeatureslearnedfromthatlayer’sinputiscalledresidual.ResNetemploys“identity
shortcutconnections,”whichconnecttheNthlayer’sinputtothe(N+X)thlayerimmediately.Itis
lessdifficulttotrainthantraditionalDeepConvolutionalNeuralNetworks.Italsosolvestheproblem
ofdegradingaccuracy.

Figure 4. Different scaling methods. (b),(c),(d) are the conventional methods with single-dimensional scaling.

Figure 5. Architecture of EfficientNet-B0
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Previouslythemodelusedtoskiptwolayersasshowninfig.6;butforResNet50,theyskipped
three layers, and also 1x1 convolution layers were added which can be seen in the ResNet50
Architectureinfigure7below:

3.3 InceptionV3
Oneofthenumerouspre-trainedimageclassifiersisInceptionV3.TheImageNet2012dataset,which
comprisesroughly14millionpicturesand1000classes,wasusedtotrainit.Atacostof5.6billion
multiply-addsperinferenceandfewerthan25millionparameters,InceptionV3achievesa21.2percent
top-1anda5.6percenttop-5errorrate.

In the InceptionV3 model, there are 48 layers. Some calculations, such as 1x1, 3x3, 5x5
convolutions,andmax-pooling,arechainedtogether(Szegedyetal.,2016).InceptionLayeristhename
giventothisconcatenation.The5x5convolutionsarereplacedbytwocontinuous3x3convolutions
inthisapproach.TheArchitectureofInceptionV3isshownbelowinfig.8.

Figure 6. Residual Identity Mapping

Figure 7. Architecture of ResNet50
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3.4 MobileNetV2
MobileNetV2 was introduced in 2018. For mobile devices, it’s a Convolution Neural Network
Architecture (Sandler et al.,2018). In MobileNetV1, “Depth wise Separable Convolution” was
introduced.Itminimizesthemodel’scomplexity,cost,andsize,makingitacceptableforsmalldevices
ordeviceswithminimalprocessingcapacity.Aninvertedresidualstructuremodulewasintroduced
inMobileNetV2whichwasbetterthantheMobileNetV1.Non-linearitiesinthinlayersarealsotaken
offinMobileNetV2.Forobjectdetectionandsemanticsegmentation,state-of-the-artperformances
areachievedwhenMobileNetV2isusedforfeatureextraction.

Theblockwithstride1 is the residualblock,whereas theblockwithstride2 isutilizedfor
shrinkinginMobileNetV2asshowninfig.9.

Figure 8. The architecture of InceptionV3

Figure 9. MobileNetV2
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ThearchitectureofMobileNetV2isshowninfig.10;wheretistheexpansionfactor,nisthe
repeatingnumber,cisthenumberofoutputchannels,andsisthestrideofeachsequence’sinitial
layer33%kernelareusedinspatialconvolution.

Hyperparameteroptimizationwasusedtoimprovetheaccuracyandperformanceoftheabove-
mentionedmodelsbyfirstcomparingtheaccuracyofthemodelsandthentuninghyperparameters
withinthemtoselecttheappropriatesetofhyperparametersforthemodel,whichwasveryuseful
because therewasasignificantdifference in themodelaccuracyandpredictionbeforeandafter
hyperparametersweretuned.

3.5 Dataset
The dataset (https://www.kaggle.com/omkargurav/face-mask-dataset) that was used for testing
comprises7553photos,3725ofwhichareofpeoplewearingmasksand3828areofpersonswhoare
notwearingamaskalsothepeoplenotwearingapropermaskwouldbeconsideredas“notwearinga
mask”becauseoftheirsimilarfeatures.Thedatasetisentirelyopen-sourceanditisfreelyaccessible
onKaggle.Forincreasingtheaccuraciesofourmodels,wehaveperformedimageaugmentation
onthedataset.Withoutactuallygatheringadditionaldata,thisimprovesthesizeofourdatasetand
thediversityofdataaccessiblefortrainingmodels.Padding,horizontalflipping,andcroppingare
standarddataaugmentationtechniquesusedtotrainmassiveneuralnetworks.Someoftheimages
fromthedatasetcanbeseeninfigure11.

Figure 10. The architecture of MobileNetV2

Figure 11. Samples from Data including faces with mask and without a mask.
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3.6 Experimental Setup
Theentiresystemwasbuiltonmobilecomputinginfrastructure.Acomputerhavingan8thgeneration
Inteli5processorclockedat2.1GHzwith3MBofcachememorycombinedwith8GBofRAMand
a1TBharddrive,runningontheMicrosoftWindowsoperatingsystem(ver.20H2,64bit).Included
withthesoftwareconfigurationwasGoogleCollaboratorywithPython3.2withTensorFlow,NumPy,
Scikit-learn,andPandas.

4. RESULTS AND DISCUSSIoN

4.1 Evaluation Parameters
WhendoingclassificationsinMachineLearning,weutilizespecializedmeasuressuchasF1score,
precision,andrecallsinceaccuracyisinsufficient.Machinelearninghasadistinctiveviewpointin
thissector,andinordertopersuadethefieldthatAIcanbeapplied,weneedagoodassessment
approachtoconfirmourresults.

Positivepredictivevalue(PPV):ItisdefinedasthetotalofTruePositivesandFalsePositives,
plusaratioofTruePositives,asshownbyequation(1).It’sametricfordetermininghowimportant
apositiveresultis.Itinformsushowmanyoftheforecastswerecorrectoutofallofthem.

PPV=
TruePositives TP

TruePositives TP FalsePositives FP

 

  

( )
( )+ ( )

 (1)

Sensitivityisameasureofthepercentofpositivereal-worldcasesthatwerepredictedtobe
positive.Therecallisanothernameforsensitivity.Thesensitivityscorerevealswhatproportionof
actualfacemaskswereproperlypredictedbythemodel.Forexample,ifthetestsethad100photos
ofindividualswearingmasks,thesensitivityscorefortheFacemaskclassreflectswhatproportion
ofthose100personswereproperlypredictedbyourmodel(EfficientNet-B0).Itisamathematical
ratioofTruePositivestothesumofTruePositives+FalseNegatives.Sensitivityisdescribedin
Equation(2).

Sensitivity=
TruePositives TP

TruePositives TP FalseNegatives FN

 

   

( )
( )+ ( )

 (2)

4.2 Results
The systemcan recognizepartly obscured faceswith amask, hand, or hairwith efficiency and
effectiveness.Todistinguishbetweenafacecoveredbyahandandanannotatedmask,itconsiders
thedegreeofocclusioninfourregions:thechin,eye,nose,andmouth.Asaresult,themodelwill
onlyregardamaskthatcompletelycoverstheface,includingthenoseandchin,as“withamask”.
Table1istheEvaluationmetricsforthepre-traineddeepnetworksasshownbelow:
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Theevaluationandcomparisonforthedeepneuralnetworksareaccuracies,positivepredictive
value(PPV),andsensitivityfortwotypesoffacesweretestedontheFacemaskdataset.Thesuggested
proposal’smetricsmodelsareshowninTable1.Thefinal-testaccuracyisat91.99%forMobileNetV2,
99.70%forEfficientNet-B0,84.38%forInceptionV3and84.45%forResNet50asshownbelowin
figure12,13,14andfigure15.Thisdemonstrateshowthesuggestedmodels’designandarchitecture
fulfilthetask,data,andoperationalrequirementsoftheFaceMaskdetection.Thehigherthetrue
positiveandtruenegativemorepreciselyandeffectivelyitisdetectingmasks.LowerFalsepositives
andfalsenegativesindicateitsfailureindetection.EfficientNet-B0turnedouttobethebestAlgorithm
amongallbecauseitachievedthehighestscoreofTop-1accuracy,Sensitivity,andPPV.

Table 1. Top-1 Accuracy, Sensitivity, and PPV of the Architectures

Architecture Top-1 Accuracy(%) Sensitivity(%) PPV(%)

EfficientNet-B0 99.70 97.77 96.54

MobileNetV2 91.86 93.69 90.28

InceptionV3 84.38 91.53 93.21

ResNet50 84.45 84.36 95.82

Figure 12. Training and validation accuracy(A), training and validation loss(B) for MobileNetV

Figure 13. Training and validation accuracy(A), training and validation loss(B) for ResNet50
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According to the findings above, different pre-trained CNN models have various feature
extractioncharacteristics.fulfilthecomparativebenefitofthefourdeepneuralnetworkmodelsin
thisinvestigationishighlyencouraging.

5. LIMITATIoNS

TheEfficientNetModelbeginsatB0andendsatB7.However,wechosetheB0modelforourstudy
duetomachineandspaceconstraints,astheinputsizeofEfficientNetsgoesfrom224x224inB0to
600x600inB7.Asaresult,spaceandtimebecomemorecomplex.EfficientNetB7requiresasignificant
amountoftimetotrainonalargedataset.Theparametersgrowfrom5.3millioninB0to66millionin
B7.Thus,inordertousetheB7modeloranyothermodel,werequireahigh-performancemachine.

6. MANAGERIAL AND SoCIAL IMPLICATIoNS

Therearemanyimplicationsoftheresearch:

Figure 15. Training and validation accuracy(A), training and validation loss(B) for EfficientNet-B0

Figure 14. Training and validation accuracy(A), training and validation loss(B) for InceptionV3
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1. ThefacemaskdetectionmaybeconductedutilizingCCTVcamerastolevyfinesonthosewho
donotwearafacemask.Thismaycompelindividualstowearmasks,reducingthepropagation
ofthevirusbyalargemarginandtherebyloweringtheinfection’sfatalityrate.

2. AutomaticdoorscanbeconnectedwithfacemaskrecognitioninHospitals,shoppingmalls,
offices,andotherplacesoflargesocialgatheringstopreventthosewithoutmasksfrompassing
through.

3. HomeCCTVcamerascanbeimplantedwiththistechnologyandcanbewirelesslylinkedtothe
mobilephonesofpeople,detectingwhetherthepersonisleavingtheirhousewithoutamask
andsendingaremindertothepersononhismobilephonetoputonamaskbeforeleaving.

4. Itmaybeusedtoidentifypeoplethatarenotwearingmasksonpublictransit,suchasaircraft,
trains,andbuses.Also,ifthedriverisnotwearingamask,theridewillnotbegin.

7. CoNCLUSIoN AND FUTURE SCoPE

Ourfindingsshowthatthetechniques(ResNet50,EfficientNetB0,MobileNetV2,andInceptionV3)
mightbeusedtoclassifydatafromanydomain,despitethefactthatweusedthemtocategorizedata
withandwithoutmaskphotographs.Additionally,ithasbeendiscoveredthatwhenEfficientNet-B0
isused,maskdetectionaccuracyimprovessignificantly(approximately8%)whencomparedtothe
otherthreemodelsused.Inthefuture,EfficientNet-B0maybeconsideredasafebetforgenerating
higher results in imagepredictionandclassification—accuracyachievedata substantially lower
computationalcostinthesemodels.Additionally,wemayincreasethesizeofthedatasetusedfor
Maskdetection.Thesealgorithms/modelsareapplicabletoarangeoffields,includinghealthcare
andimageprocessing.
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